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ABSTRACT 
 
Earth’s reflectivity is one of the key parameters of climate 
change, Earth’s radiation budget research and so on. It is 
determined by the characteristic of Earth atmosphere 
components. Earth atmosphere components vary strongly in 
both spatially and temporally, thus complete spatial mosaics 
and/or richer time series information are needed. In this study, 
we developed an Earth Reflector Type Index (ERTI) to 
discriminate major Earth atmosphere components: clouds, 
cloud-free ocean, bare and vegetated land. Results show that 
the probability of the ERTI method with selected thresholds 
being able to discriminate between cloudy and cloud-free 
scenes is about 82%. ERTI can be used to interpret global 
Earth’s reflectivity and its temporal variation.  
 
Index Terms— Earth’s reflectivity, Earth atmosphere 
system, Earth Reflector Type Index (ERTI), remote sensing 
image classification 
 
1. INTRODUCTION 
 
Earth’s reflectivity characterizes the fraction of incident 
solar radiation that the sunlit Earth reflects back to space. It 
is among the key variables in climate models and Earth’s 
energy budget studies [1,2]. Furthermore, Earth’s spectral 
reflective properties and their interpretation are critical to 
understanding the feedback mechanisms within the Earth 
atmosphere system (e.g., land, ocean, and clouds). 
Earth-atmosphere system strives to achieve dynamic 
equilibrium in response to perturbations of the Earth’s 
radiation budget. In order to analysis the feedback, both land 
cover and ocean cover (coastline detection) are usually 
derived from multispectral/hyperspectral remote sensing 
images by using unsupervised or supervised algorithms, 
except that height information is needed for coastline 
detection [3,4]. Unsupervised algorithms (e.g., k-Means, 
ISODATA) and parametric supervised classifiers (e.g., 
Minimum Distance, Maximum Likelihood) were commonly 
used for image classification twenty-five years ago. For now, 
non-parametric supervised classifiers (e.g., artificial neural 
networks (ANN), support vector machines (SVM), and 
decision tree) and other supervised classifiers (e.g., deep 
learning algorithm) are efficient to accommodate complex 
feature space relationships among classes [3]. Cloud cover is 
mainly extracted based on radiative transfer models. The 
emissivity of infrared and microwave radiation and scattering 
of radiation from ultraviolet to the microwave region can be 
used to derive clouds cover. Additionally, a special kind of 
methods taking the advantage of active remote sensing, such 
as lidar and radar, are also available [5]. By considering 
vegetation growth, tidal effects, and weather change, all Earth 
atmosphere components vary strongly both spatially and 
temporally, thus more complete spatial mosaics and/or richer 
time series information are needed [3,4,6]. For example, 
global cloud cover varies by 0.03 from year to year, while the 
local, daily global variability is as high as 0.3 [6]. Therefore, 
methods based on direct and remote observation are required 
to accurately determine the daily value [7]. 
In this study, we developed direct and observation based 
methods by constructing Earth Reflector Type Index (ERTI) 
according to the spectrally invariant behavior of radiation 
which is efficient to discriminate among major Earth 
atmosphere components: clouds, cloud-free ocean, bare and 
vegetated land. By involving newly published near hotspot 
observation satellite, Deep Space Climate Observatory 
(DSCOVR), the Earth’s reflectivity and its temporal 
variations due to different Earth atmosphere components 
have been discussed. 
 
2. MATERIALS AND PREPROCESSING 
 
For the first time, Earth Polychromatic Imaging Camera 
(EPIC) onboard DSCOVR can measure the reflected sunlight 
simultaneously at all sunlit locations from sunrise to sunset. 
The DSCOVR spacecraft arrived at the first Lagrangian point 
(L1) about 1.5 million km away from Earth in June 2015 and 
has been in a Lissajous orbit providing measurements since 
then. EPIC is a 10-channel spectroradiometer, taking images 
every 65 to 110 min [8]. Its observing geometry is 
characterized by a nearly constant phase angle (angle 
between the directions to the Sun and sensor) between 4.5° 
and 11.5°, making the reflectance data free of Sun-sensor 
bidirectional effects. DSCOVR EPIC provides direct 
observations of the Earth’s spectral reflectivity in the near 
backscattering directions at a high temporal resolution. 
The DSCOVR EPIC L1B data product provides radiance 
data for the entire sunlit Earth, which are in engineering units 
of counts per second. The EPIC team provides unitless 
calibration factors (Table 1) to convert measurements into 
the top of the atmosphere bidirectional reflectance factor 
(BRF) [8]. In this work we use L1B EPIC images at blue, 
green, red and near infrared (NIR) spectral bands acquired on 
23 August 2016. 
Table 1. Calibration factors for four Earth Polychromatic Imaging 
Camera (EPIC) spectral bands 1. 
EPIC band 
number 
Band 
name 
Band 
center 
Calibration 
factor 
5 Blue  443 nm 0.88 × 10−5 
6 Green  551 nm 0.69 × 10−5 
7 Red  680 nm 1.00 × 10−5 
10 NIR  779 nm 1.50 × 10−5 
1 Calibration factors for all 10 EPIC bands are available at 
https://eosweb.larc.nasa.gov/project/dscovr/DSCOVR_EPIC_Calib
ration_Factors_V02.pdf. 
 
3. METHODOLOGIES 
 
Four major Earth atmosphere system components: clouds, 
cloud-free ocean, land, and vegetation are considered in this 
study. ERTI, which is based on the spectrally invariant 
behavior of radiation reflected from vegetation canopies [9], 
clouds [10], and the soil line concept [11], is constructed to 
discriminate signals originating from different Earth 
components.  
 
3.1. Spectral Invariant Theory 
 
The spectral invariant theory suggests that the ratio of 
BRF to single scattering albedo (SSA), BRFλ/ωλ, is linearly 
related to BRFλ, i.e., 
𝐵𝑅𝐹𝜆
𝜔𝜆
= 𝑝𝐵𝑅𝐹𝜆 + 𝐾, ,                           (1) 
where the spectrally invariant slope, p, and intercept, K, are 
the recollision probability and the escape factor. The SSA is 
represented by the leaf albedo in vegetation radiative transfer, 
while it is well defined for water droplets and ice crystals in 
clouds. At weakly absorbing wavelengths, the linear 
relationship given by Eq. (1) holds for any SSA, ω0,λ [12]. 
The slope (p) depends on the choice of ω0,λ: it takes on a value 
between 0 and 1 if ω0,λ>ωλ. 
 
3.2. Earth Reflector Type Index (ERTI) 
 
The EPIC green and NIR spectral bands represent weakly 
absorbing bands for both clouds and vegetation canopies. We 
use a fixed brightest leaf for leaf albedo. Its values at green 
and NIR are ω0,green=0.4898 and ω0,NIR=0.9798, respectively. 
These values were obtained from Lewis and Disney’s 
(2007)[13] approximation of the PROSPECT-4 model with 
the following parameters: chlorophyll content of 16 μg cm−2; 
equivalent water thickness of 0.005 cm−1, and dry matter 
content of 0.002 g cm-1. Given the BRF at the green and NIR 
spectral bands, we calculated p from a line passing two points, 
(BRFgreen/ω0,green, BRFgreen) and (BRFNIR/ω0,NIR, BRFNIR), on 
the BRF/ω vs. BRF plane, i.e.,  
𝑝 =
BRF𝑁𝐼𝑅
𝜔𝑁𝐼𝑅
−
BRF𝑔𝑟𝑒𝑒𝑛
𝜔𝑔𝑟𝑒𝑒𝑛
BRF𝑁𝐼𝑅−BRF𝑔𝑟𝑒𝑒𝑛
 ,                                (2) 
By converting p to the angle between the line (Eq. (1)) 
and BRF axis, ERTI is defined as below: 
ERTI = {
atan 𝑝 ,                                   p>0  
90° + atan 𝑝 ,                     p<0
         (3) 
 
3.3. Theoretical Thresholds 
 
Solving Eq. (1) for BRF one obtains 
BRF𝜆(Ω0, Ω) =
𝜔𝜆(1−𝑝)
1−𝜔𝜆𝑝
×
𝐾(Ω0,Ω)
1−𝑝
= 𝑊𝜆 × DASF(Ω0, Ω).  (4) 
Here Wλ is the canopy scattering coefficient, which is the 
fraction of canopy-intercepted radiation that has been 
reflected from, or diffusely transmitted through a medium. 
Obviously, Wλ varies between 0 and 1. This takes place if and 
only if p≤1. DASF is the directional area scattering factor, 
which describes the fraction of photons exiting the medium 
in the direction Ω relative to the total number of medium 
leaving photons [12]. 
At a weakly absorbing wavelength, any two SSA, say ωλ 
and ω0,λ, are related via spectrally invariant relationship as 
𝜔𝜆 =
𝜔0,𝜆(1−𝑝0)
1−𝑝0𝜔0,𝜆
 ,                               (5) 
where p0 is a parameter that depends on leaf internal 
constituencies in the vegetation and sizes of water droplets 
and ice crystals in clouds. Details can be found in [10,12].  
Obviously, the substitution of Eq. (5) into Eq. (4) does 
not change the BRF value. This, however, results in a 
transformation of Wλ and DASF in Eq. (4) into 
𝑊𝜆 =
𝜔0,𝜆(1−?̅?)
1−𝜔0,𝜆?̅?
, DASF =
𝐾(1−𝑝0)
(1−𝑝)(1−𝑝0)
 ,             (6) 
where 1 − ?̅? = (1 − 𝑝)(1 − 𝑝0). The transformation has two 
important properties. First, DASF does not change: the 
additional term (1-p0) just cancels. Second, Wλ is expressed 
via a new SSA and ?̅?. The following identity takes place 
𝑊𝜆 = 𝜔𝜆
(1−𝑝)
1−𝜔𝜆𝑝
≡ 𝜔0,𝜆
(1−?̅?)
1−𝜔0,𝜆?̅?
 .                (7) 
Finally, the use of ω0,λ in place of its true counterpart, ωλ, 
also results in a linear BRFλ/ω0,λ vs. BRFλ relationship. The 
choice of ω0,λ impacts p and K: p is transformed into ?̅? and K 
into K(1-p0). As 0≤Wλ≤1, both p and ?̅? are below unity. Now 
we show that ?̅? takes on a positive value between 0 and 1 if 
ωλ<ω0,λ, and a negative value otherwise.  
The transformation Eq. (5) changes p to ?̅? . To keep 
Eq. (7) unviolated, the transformed parameter ?̅? must be such 
that (1-?̅?)/(1-ω0,λ?̅?)≤1. This inequality takes place if and only 
if 0≤?̅?≤1. If ωλ<ω0,λ, a necessary condition for the validity of 
Eq. (7), is ?̅? ≤ 0.  
In this study, we take the leaf albedo of the brightest leaf 
as ω0,λ. For vegetation, the actual SSA is always below ω0,λ. 
Parameter p varies between 0 and 1 and the corresponding 
ERTI values fall into the interval between 0° and 45°. 
The SSA of water droplets and ice crystals at the weakly 
absorbing green and NIR wavelengths vary in an interval 
between 0.95 and 1, resulting in the values of the Wλ being 
close to unity. As ω0,NIR was set to 0.9798, the corresponding 
WNIR are close to unity for a wide range of p in this case. At 
the green band, however, ω0,green=0.4898. As the limit of 
Wgreen when p tends to -∞ is 1, the values of |?̅?| should be very 
large and the corresponding ERTI values should be close to 
90° in order to get Wgreen close to unity. Based on these 
obvious properties we set the lower bound of the ERTI for 
clouds to 90°. ERTI values around 90° correspond to a dense 
cloud. To specify its upper bound, we tended cloud optical 
depth to 0 (i.e., p→0). In limit, ?̅? = 𝑝0. A value of p0 was 
selected such that the ratio WNIR/Wgreen would be close to the 
ratio between the reflectance of bare soil at these wavelengths. 
We used the data on spectral soil reflectance documented in 
[14] to estimate this ratio, which was found to be ~1.2-1.5. 
We set the upper bound for p0 to -1.42, which corresponded 
to a soil reflectance ratio of 1.4. The corresponding ERTI 
upper bound was set to 125°.  
Pixels with an effective leaf area index (LAI) larger than 
0.5 are attributed to vegetated land here. The recollision 
probability varies from 0.20 to 0.25 in this case. The 
threshold between bare and vegetated land was set to 15°. 
The spectral invariant approach is not applicable in the 
case of the ocean. As a result, the ratio Wλ=BRFλ/DASF 
exceeded unity and, consequently, p>1. The variation range 
of ERTI for ocean was set between 45° and 90° in theory. 
 
4. RESULTS AND DISCUSSIONS 
 
4.1. ERTI Results and Discussions 
 
Figure 1. Left panel shows an EPIC RGB image taken on 23 August 
2016 at 15:24:58 GMT. Right panel shows the distribution of ERTI. 
Its values corresponding to cloud-free ocean, land, vegetation, and 
cloudy pixels. Phase angle is 5.65°. Color bar shows thresholds for 
different reflector types. 
We started with analyses of ERTI distribution derived 
from DSCOVR EPIC images acquired on 23 August 2016. 
This is an anomalous day in the sense that the EPIC observed 
almost the entirety of South America free of clouds, a rare 
event (https://epic.gsfc.nasa.gov/?date=2016-08-23). Fig. 1 
presents the DSCOVR EPIC RGB image, the corresponding 
distribution of the ERTI, and the thresholds used. One can see 
that ERTI values corresponding to cloud-free ocean, land, 
vegetation, and cloudy pixels tend to occupy different spaces 
within the 0° to 180° intervals. By comparing left and right 
panels, ERTI between 15º and 45º (marked as green) extracts 
cloud-free vegetation efficiently.  
The largest uncertainties in the interpretation of the ERTI 
values arise in the case of clouds over ocean, i.e., when the 
ERTI varies around a cloud-ocean threshold of 90°. Eq. (2) 
exhibits a jump from +∞ (ERTI < 90°) to -∞ (ERTI > 90°) 
and becomes very sensitive to errors in cloud BRF. Indeed, 
the cloud BRF at the NIR and green spectral bands are very 
close and differ only by a few percent. Small errors in their 
values, therefore, can change the sign of the denominator in 
Eq. (2). The numerator is less sensitive to uncertainties 
because the normalization BRF by SSA makes their values 
more contrasting. As a result, Eq. (3) can generate values 
below 90°. For the ocean, NIR and green BRFs are better 
separated, making Eq. (2) more tolerant to measurement 
errors and consequently its values are always below 90°. To 
minimize the impact of the instability, we reduced the 
theoretical value of the threshold for clouds and ocean to 80° 
(Fig. 1). Its value was selected to match an average fractional 
cloud cover value of 0.56 (within 4%)  for clouds with a cloud 
optical depth above 2 [6]. The probability of the ERTI 
method with selected thresholds being able to discriminate 
between cloudy and cloud-free scenes is therefore about 82%, 
which represents the reliability of the ERTI approach.  
The presence of optically thin clouds in the scene is 
another source of uncertainty in the identification of the 
reflector type. For vegetated land, for example, the BRF 
reaches its maximum in the backscattering direction. This 
phenomenon is known as the hotspot effect. The radiation 
scattered by the vegetation in the backscattering direction is 
very strong, allowing the EPIC to see green leaves even 
through the optically thin clouds (~0.9-1.2). An increase in 
the optical depth of clouds above the vegetation results in 
ERTI values close to the threshold between land and clouds. 
Our ERTI threshold values may cause an overestimation of 
cloud cover over ocean and an underestimation over 
vegetation. Thus, our classification “cloud-free scene” 
contains transitional cases between definitely cloudy and 
definitely cloud-free scenes. All cloud-free scenes also 
include contributions from the scattering atmosphere, with a 
maximum effect at the blue spectral band.  
 
4.2. Temporal Variations in Earth’s reflectivity 
 
Fig. 2a shows the distribution of the reflectance on the 
NIR vs. red spectral plane as a function of time. The central 
block, labeled “global”, represents the diurnal course of the 
EPIC reflectance pairs. The remaining blocks contain the 
trajectories of the mean reflectance over the cloudy and 
cloud-free ocean, land and vegetated pixels. The ERTI index 
was used to identify the reflector types. 
Clouds represent the strongest red and NIR reflector. 
Their trajectory forms a line with a relative difference 
between red and NIR reflectance of about -2.3%. The ocean 
acts as an absorber at these wavelengths. It scatters about 14.8% 
more radiation at the red band compared to that at the NIR 
band. Fig. 2b shows a domain of variation in the red and NIR 
reflectance of bare and vegetated land simulated with the 
stochastic radiative transfer equation [15], as well as points 
from the blocks “vegetation” and “land”. The reflectance of 
bare land forms a line as the soil line concept predicts [11]. 
The reflectance of vegetated land varies with the amount of 
green leaves and the brightness of its background. The range 
of variation in the NIR reflectance of vegetated land is 
comparable with that of clouds. The strong absorption of 
incoming solar radiation by the vegetation at the red spectral 
band significantly reduces its reflectance. Reflection from 
bare land exhibits a wide range of variation. Note that the 
reflective properties of clouds, cloud-free ocean, land and 
vegetation derived based on the ERTI index follow the 
regularities expected from physics, suggesting the robustness 
of our identification approach. 
 
Figure 2. (a) Diurnal course of the reflectance on the near infrared 
(NIR) vs. red spectral plane (block “global”). The blocks “cloud,” 
“ocean”, “land” and “vegetation” show the trajectories of the mean 
reflectance over cloudy and cloud-free ocean, land, and vegetated 
pixels, respectively. (b) Domain of variation in red and NIR 
reflectance of bare and vegetated land simulated with the stochastic 
radiative transfer equation. Solar zenith angle = 0°–15°, phase angle 
=0°–9°. Lines show leaf area index (LAI) isolines. Circles are points 
from the blocks “vegetation” and “land”.  
 
5. CONCLUDING REMARKS 
 
In this study, the Earth’s atmospheric system classified 
into four components: clouds and cloud-free ocean, land, and 
vegetation. We developed an Earth Reflector Type Index 
(ERTI), which discriminated signals originating from 
different Earth components. The very distinct spectral 
behavior of the single-scattering albedo in the Earth’s 
components underlies its physical basis. They are related to 
the reflectivity of cloudy and cloud-free scenes via a 
spectrally invariant relationship. ERTI discriminates four 
components at the same time, which is suitable for 
understanding the comprehensive feedback mechanisms 
between the Earth atmosphere system (e.g., land, ocean, and 
clouds) and Earth’s spectral reflective properties. By bringing 
the newly published DSCOVR EPIC products, ERTI is 
efficient to analyze and interpret the temporal variations of 
Earth’s reflectivity. 
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